Wireless sensor networks hold the potential to open new domains to distributed data acquisition. However, such networks are prone to premature failure because some nodes deplete their batteries more rapidly than others due to workload variations, non-uniform communication, and heterogenous hardware. Many-to-one traffic patterns are common in sensor networks, further increasing node power consumption heterogeneity. Most previous sensor network lifetime enhancement techniques focused on balancing power distribution, based on the assumption of uniform battery capacity allocation among homogeneous nodes.
INTRODUCTION
Wireless Sensor Networks (WSN) are distributed data acquisition systems consisting of numerous wireless sensor nodes. They have the potential to allow sensing in applications and environments where it was previously impossible or prohibitively expensive. For example, WSNs may be used in weather monitoring, security, tactical surveillance, disaster management, and intelligent traffic control applications [1] . Infrastructure-free operation is one of their primary advantages. However, this beneficial attribute exacts a penalty. Distributed infrastructure-free operation in remote locations makes replacing batteries expensive. Energy constraints are therefore extremely tight.
WSN lifetime depends on the distribution of power among nodes in addition to average power consumption. There is a large body of work on reducing node power consumption. The most frequently described techniques are power state control [2] , [3] , hardware-software co-design [4] , [5] , as well as clustering and compression [6] - [8] .
Past work has also attempted to balance power consumption among nodes. Much of this work exploits spatial and temporal data correlation. Work attempting to spatially balance power consumption allocates sensing, computation, and communication tasks more evenly among sensor nodes, e.g., via power-balanced routing [9] - [11] or non-uniform node deployment [12] . Work on balancing power consumption via temporal changes multiplexes the assignment of tasks to nodes, e.g., by periodically adjusting cluster heads [13] or mobile or multiple sinks [14] , [15] .
Past work on lifetime extension has focused on distributing power consumption evenly among sensor nodes based on the assumption that homogenous nodes with equal battery capacities are used. However, real WSN deployments may use heterogenous sensor nodes. For example, Hou et al. [16] deployed heterogeneous sensor nodes to construct a two-tier infrastructure to prolong WSN lifetime.
Furthermore, the locations of sensor nodes are often carefully controlled in real deployments in order to reduce the cost. It is feasible to equip nodes with battery packs with different capacities, based on their computation and communication requirements.
Distributed battery configuration has the potential for both cost and energy efficiency in WSNs with heterogeneous spatial power consumption distributions. Conventional power balancing can be inconsistent with energy efficiency because some tasks and communication events really are spatially heterogeneous: there is a cost to balancing power by moving tasks and communication events from locations that were otherwise optimal. Heterogeneous battery allocation has the potential to reduce cost by reducing batPermission to make digital or hard copies of all or part of this work for personal or classroom use is granted without fee provided that copies are not made or distributed for profit or commercial advantage and that copies bear this notice and the full citation on the first page. To copy otherwise, or republish, to post on servers or to redistribute to lists, requires prior specific permission and/or a fee. tery capacity for lightly loaded nodes and to increase WSN lifespan by allocating more energy to heavily loaded nodes. Battery allocation might also be used in future ad-hoc networks composed of sensor nodes and other computing devices such as notebooks and mobile phones. In summary, heterogeneous battery allocation has the potential to improve network lifespan and cost.
Sichitiu and Dutta [17] were the first to report that equipping sensor nodes with different battery capacities can prolong WSN lifespan. However, their battery allocation formulation is specific to circular communication topology WSNs with homogenous nodes. Their formulation minimizes batter energy instead of cost. Since battery volume is discrete and battery cost is highly non-linear in energy capacity, a total energy based cost function has drawbacks for real-world applications.
This paper makes the following contributions.
1. Given a set of battery types with different energy capacities and costs, we solve the cost-constrained battery allocation problem for a WSN with arbitrary topology and spatial power consumption distribution. An integer nonlinear programming (INLP) formulation is given, which allows the problem to be solved by general optimization packages.
2. We provide and prove an upper bound on WSN lifetime improvement via energy allocation and indicate the properties of node partitions resulting in maximal lifetime. Furthermore, we propose an approximate method to obtain the node partitioning. We also provide an energy-cost model for battery packs based on real data, which permits us to calculate the corresponding energy under different battery pack configurations given a specific budget.
3. Based on the optimal node partitioning and energycost model for battery packs, we proposed a heuristic to solve the cost-constrained WSN energy allocation problem. Experimental results indicate that the proposed technique can prolong lifetime by 4-13× with no more than 10 battery pack levels, compared with the uniform battery allocation approach. Furthermore, the heuristic achieves 2-5 orders of magnitudes speedup and better results than a general-purpose commercial INLP solver. Solution quality remains within 1% of optimal.
After we discuss the motivation of this work in the following section, the cost-constrained WSN battery allocation problem is formulated as an INLP problem in Section 3. The problem is solved in Section 4 and the errors of the proposed method are analyzed in Section 5. Section 6 presents the experimental results. We conclude the work in Section 7.
MOTIVATION
This section first discusses the power distribution characteristics of WSNs and defines network lifetime. It then explains the motivation of the proposed battery allocation method.
Power Distribution and Lifetime in WSN
Even in homogenous-node WSNs, the spatial heterogeneity of power consumption due to gathering, processing, and communicating data leads to unequal power consumptions for different WSN nodes. The flow of data from many leaf nodes to a sink node results in heterogeneous data transmission rates and therefore power consumptions. In heterogenous WSN, the power imbalance is further increased by dramatic differences in workloads and communication for different node types. Substantial work has been done to balance power distribution in WSNs [9] - [11] , [13] - [15] . However, energy balancing techniques often impose substantial costs by forcing data to take longer routes or moving data to redistribute computation. The many-to-one traffic patterns in WSNs also complicate energy balancing [12] . Complementary techniques, such as heterogenous battery allocation, have the potential to efficiently extend WSN lifetimes.
Gandham et al. describe several WSN lifetime metrics [14] . In this paper, we will use the time to first node battery depletion lifetime metric. It should be noted that the proposed method is not limited to this metric. For example, by assigning various weights to the power consumptions of different sensor nodes, it can be easily extended to deal with a WSN lifetime metric based on the expiration of a set of critical nodes.
Battery Allocation in WSN
This section describes the motivation of lifetime-aware battery allocation for WSNs with arbitrary topologies, node configurations, and power distributions. Figure 1 shows a typical WSN power distribution in which compression and clustering techniques are used [18] , assuming that the total energy is denoted as E tot and it is assigned to all n sensor nodes. Given uniform battery allocation, each sensor node is equipped with a battery containing Etot /n energy. The first sensor node failure time T life is T life = Etot /(n · pmax ), where pmax is the maximum power consumption of any sensor node. The doted line indicates the power level at which the maximum-power (pmax ) sensor node depletes its battery. The batteries of the sensor nodes located in the wasted region have unused energy when the network fails.
Using 2-level battery allocation, it is possible to divide the total energy into two parts: E Hv and ELv (Etot = EHv + ELv ). nH sensor nodes use high-volume batteries, each of which has a capacity of EHv /nH . The other nL sensor nodes have low-volume batteries wit ELv /nL capacity. We denote the sets composed of sensor nodes with high-and low-volume batteries as SH and SL. The lifetime for this system is T life = min{EHv /(nH · pH ), ELv /(nL · pL)}, where pH and pL are the maximum power consumption value among the sensor nodes in set SH and SL, respectively. The 2-level battery allocation approach increases network lifetime by moving energy capacity from low power consumption nodes to high power consumption nodes. Figure 2 shows an example of energy allocation using different battery packs. Node A is allocated more energy because it transmits more data. Leaf nodes C and E are al- 
PRACTICAL BATTERY ALLOCATION
This section describes battery allocation methods for realistic situation when several battery pack energy levels and their costs are given. An integer nonlinear program (INLP) problem formulation is given.
General INLP Formulation
Although batteries can be combined into packs in numerous ways, fabricating and deploying many different types of battery packs is complex and expensive. In practice, it is expected that a few battery pack types will be used, and that this will be sufficient to significantly improve WSN lifetime. Therefore, we formulate the battery allocation problem with a constraint on the number of pack levels in addition to a cost constraint. The objective is to achieve a maximum network lifetime under these constraints.
Let P = (p 1, p2, . . . , pn) be the power distribution of the n−node network. There are m types of batteries with energy capacities E 1, E2, . . . , Em and costs C1, C2, . . . , Cm. The relationship between energy and cost is represented as follows:
By combining battery units into packs, M types of battery pack levels
Each node is equipped with one battery pack. The problem is formulated as follows: given a cost constraint C total ≤ Ccons and the number of battery pack levels M , determine the numbers of the battery units in the M levels allocated to different nodes to maximize the network lifetime. To do the allocation, the sensor nodes are divided into M sets: L 1, L2, . . . , LM . Each Li has Ni nodes, and each node in Li is assigned a battery pack E pk {i} , i = 1, 2, . . . , M.
The working time of node set Li is
where gi is the power of the most consuming node in Li.
The lifetime of the system is therefore The total cost can be represented as
The optimization objective is now formulated as follows:
subject to the following constraints:
Given a capacity-price function Ci = f (Ei), i = 1, . . . , m, the maximum working time optimization problem is formulated as an INLP that can be solved by standard INLP solver, such as LINGO.
Complexity Analysis
The time cost of running a general INLP solver on large problem instance of the battery energy allocation problem is excessive. Any node can be equipped with a mix of batteries of different types, making search space large. For a test case with n nodes and m battery types, the size of the search space is at least O((Dim + 1) m×n ), where Dim is a constant specifying the maximum number of batteries of each type assigned to each battery pack. For example, if Dim = 3, 0-3 batteries may be assigned to each pack. The time complexity could therefore be as high as C M 4 m n . In the case when m = 5, M = 10, and n = 100, the search space could have 10 2300 points. Although intelligent search algorithms can reduce the visited search space, our experimental results in Section 6 indicate that a general-purpose commercial solver fails to solve the formulation in 24 hours for networks with more than 64 nodes. Section 4 therefore describes an efficient heuristic.
PROPOSED ALGORITHM
This section proposes a fast heuristic for the battery pack energy assignment problem. Figure 3 illustrates the proposed algorithm. The first step is shown in the dotted block, in which the sensor nodes are partitioned into M sets to allow the lifetime of the wireless sensor network to be optimized in the second step. Based on the partitioning, the second step presents a Cost Limited Pack Select (CLPS) heuristic to choose proper battery pack configurations for each set. Finally, the node set partition, the corresponding battery pack configuration, and the lifetime of wireless sensor network are produced.
Overview of Heuristic

Optimal Partition for Maximal Lifetime
This section describes a technique to divide the sensor nodes into M sets to achieve the maximal lifetime improvement. It should be noted that given the spatial power distribution and a bound on the number of energy levels, Theorem 1 shows that the optimal node partition is independent on the total energy Econs . As the capacity-cost model in Section 4.3.1 has shown, there is a nearly linear relationship between cost and energy for battery packs. It will permit us to find the optimal node partition independently under given cost constraints.
We now present Theorem 1 to bound the network lifetime extension for a given node partition based on the energy constraint and the condition to achieve the optimal node partition. 
where g i is the maximum value of the power consumption in set Li, and Ni is the number of nodes in Li.
Theorem 1 is proven in [19] . It gives the maximum lifetime of a given node partition under ideal energy allocation, assuming that continuous energy allocation is permitted. This assumption provides the lifetime upper bound in Section 6, however it can not be met in most real cases with discrete battery capacities. According to Equation 5 , the maximum lifetime is obtained when the appropriate g i and Ni in the optimal node partition minimize
It is obvious that the partition is independent on the total energy Econs . Next, we will formulate the optimal partition problem as an INLP problem and state how to solve it.
By sorting p 1, p2, . . . , pn in ascending order as q1, q2, . . . , qn, the optimization objective is
where xi is the objective variable and i = 1, 2, . . . , M + 1 represent locations for the partitioning points in the sorted power distribution q1, q2, . . . , qn. The constraint conditions follow:
1. xi is a nonnegative integer, i = 1, . . . , M + 1, by a standard INLP solver. The regressive function (x) is defined as:
where x is the floor of x. The optimization objective is therefore
subject to
Now that the optimization is described as a standard nonlinear programming problem, it is amenable to classical algorithms and tools, e.g., LINGO and MATLAB. After obtaining the optimal xi of the continuous objective function, the near-optimal discrete solution is produced by rounding each xi to [xi] . The rounded solution is defined as:
where xis are the solution of the continuous problem (Equation 8), and [xi] is the rounded values of xi. We use the solution of Equation 9 to approximate that of Equation 6 . Rounding error is discussed in Section 5.
The above statement provides a method of obtaining the energy-constrained node partition, which we used to approximate the cost-constrained partition. An example of the partition result is shown in Figure 4 , with a 100 node network and 4 energy levels.
It should be noted that the above INLP node partitioning problem can be solved much faster than the battery allocation problem in Section 3 because (a) the search space of the node partitioning is much smaller and (b) the proper initial value of node partition can be easy given by average node sets, while that of the battery allocation is hard to determine. Section 6 will show the execution time of the battery allocation by a commercial solver is extremely high.
Heuristic Method to Select Battery Pack
The previous section provided an algorithm to obtain the optimal node partition and the relative energy partition ratio for each set. This section will present a Cost Limited Pack Selection (CLPS) algorithm to transform the energyconstrained solution to a cost-constrained battery pack allocation. This section is organized as follows. First, we present a cost model for battery packs is built based on data from battery vendors. Second, we present a method to allocate battery packs to node sets based on the energy ratios described in the previous section. Finally, the CLPS algorithm is designed based on the battery pack cost model and energy assignment procedure.
Energy-Cost Model for Battery Pack
Compared with manufacturing a specific battery with customer specified capacity, battery packs provide a less expensive way to acquire batteries with various volumes under a cost constraint. Many standard batteries, such as alkaline, lithium, and NiMH batteries are available. By using standard batteries, battery packs with different capacities can be obtained. In order to build an energy-cost model for battery pack, a battery capacity-price list may be used. In this paper, we adopted a real capacity-price model for NiMH AAA batteries from the website of PowerStream [20] , which is listed in Table 1 . Note that our modeling method also applies to other battery packs consisting of alkaline or lithium batteries. We observed similar capacity-price trends in the alkaline or lithium battery packs [20] . . . .
Algorithm 1 BatComb
11:
end for 12: end for 13: Sort PackLev and Cost in increasing order. 14: Remove dominated combinations.
Next, we propose an algorithm to build the energy-cost model for the battery pack. Algorithm 1 is designed to find all non-dominated battery combinations for all possible battery packs. A battery combination for a pack is non-dominated if no other battery combination has both the same or lower price and the same or higher energy capacity. The input Dim denotes the maximum number of each kind of battery type in one pack. If Dim = 3, the number of each type of battery in a pack can range from 0-3. Line 3-12 show the process of enumeration of all possible combination given Dim. After achieving all possible levels, the dominated battery combinations are removed (Line 14). The Pareto curve of energy-cost relationship for all battery combinations with 6 battery types and Dim = 3 is shown in Figure 5 .
As Figure 5 has shown, the Pareto energy-cost relationship for battery pack is near-linear in most ranges. The battery with the lowest price per energy unit is used as much as possible, while other types of batteries are seldom used. Therefore, the energy-cost Pareto curve can be approximated by a linear function C = a + b · E. The fitting error is analyzed and evaluated in Section 5 and Section 6, which validates the accuracy of this approach. This property greatly simplifies optimization, allowing the cost constraint to be transformed into an energy constraint. 
Energy Assignment and Quantization
given by the energy-constrained partition (Section 4.2). In order to map those energy capacity values to real battery packs, the pack with the nearest energy capacity from PackLev is chosen. The output of the algorithm includes the network lifetime T , the total battery price TotCost, and the battery allocation result Alloc.
Cost Limited Pack Selection
Based on the energy-cost model and energy assignment procedure, CLPS (Algorithm 3) solves the entire battery allocation problem to achieve the maximum network lifetime and limits the total cost to Ccons . The first phase of Algorithm 3 determines the maximum number of each type of battery in one pack Dim (Line 1-11) . The algorithm begin its search from Dim = 1. By calling Algorithm 1, the combinational energy capacity vector PackLev and the corresponding price vector Cost are obtained. Those vectors are given to Algorithm 2, which generates a battery pack allocation. If the cost of the allocation is less than C cons , Dim is increased. The second phase determines the final allocation (Line 12-15). By reducing Ref incrementally, a cost just below and close to the cost constraint Ccons is achieved. 
ERROR ANALYSIS
In order to control execution time, the proposed method makes three approximation that may introduce errors.
Node Partition Error Bound
When we interpolate the power distribution vector to do node partitioning, the relative error has an upper bound.
Theorem 2. For the battery allocation problem defined as Equation 6 , the minimum value of the objective function satisfies the following constraint:
where Vcont and V round are defined in Equation 8 and Equation 9.
Theorem 2 is proven in [19] . It provides an error bound for the proposed node partitioning method. Experimental results in Section 6 show that the rounding error for the continuous solution is small. Therefore, Equation 9 well approximates Equation 6.
Linear Fitting Error
The battery pack modeling phase is subject to error as a result of energy-cost linear fitting. Simulations show that most battery packs are found in the linear region of Figure 5 . This is also validated in Section 6. Note that this might not hold for some sets of batteries.
Energy Level Quantization Error Bound
The optimal node and energy partition makes the lifetime of each node set equivalent. However, in practice designers are limited to discrete battery pack levels. The quantization of energy level thus introduces error. The lifetime can be compared with the (ideal) continuous-energy lifetime, yielding the following expression:
where T real and Tcont denote the network lifetime for the discrete and continuous cases. Based on Equations 1 and 2, T real can be represented as min
E pk {i} /gi. By assuming that the first failure node is in set Lt, the relative error can be rewritten as
where E pk {t} is the energy assigned to every node in set Lt in the continuous case. The numerator of the fraction is the quantization error, which could not be larger than the energy of the minimum battery pack difference E dmin . T real should be no more than Tcont , so E pk {t} ≤ E pk {t} , the relative error is therefore bounded as
where E dmin is the minimum battery pack difference, E pk {t} is the energy assigned to the first failed node.
EVALUATION
This section describes our experimental setup and compares the battery allocation approach with uniform battery approach. The proposed algorithm is then compared with a standard INLP solver and deviation from optimality for the CLPS algorithm is evaluated.
Experimental Setup
To evaluate the proposed CLPS algorithm, we assumed a μAMPS-1 node [21] based WSN platform [18] when determining sensor node power distribution and network model. The number of sensor nodes ranges from 36-900. The average node-to-node distance d 0 is 20 m, and the transmission parameters are extracted from a real hardware platform [21] . Adaptive clustering and compression techniques are considered and the data aggregation model is obtained from differential compression and real data [22] . Based on these configurations, we obtained the power distribution of the WSN, P = (p1, p2, · · · , pn). For the WSN containing 100 nodes, the difference between the maximum and minimum single node power consumptions varies by 2-3 orders of magnitude in our experiments, which can be observed in Figure 4 . The energy-cost model for battery packs is built based on the data in Table 1 . Six type batteries are considered in our experiments. The proposed CLPS method is implemented in MATLAB running on a PC with a 2.67 Ghz Intel processor with 2 GB RAM.
Network Lifetime Impact
This section discusses the impact of the proposed technique on network lifetime. The cost budget is converted to an energy budget as described in Section 6.4.2 and the reference strategy is defined as the continuous energy allocation with the continuous node partition (Equation 8), which is unreachable in reality. The reference solution obtains equal lifetimes for each node set. Simulations are run on networks with different sizes and numbers of battery pack levels. Figure 6 illustrates the impact of battery pack level count (1-40) on the network lifetime compared with the traditional uniform battery allocation. Network sizes ranging from 64 to 900 nodes are considered. Given a cost budget, the network lifetime (normalized by that of uniform-level battery) increased by up to 13×. The benefit increases with network size. The normalized lifetime increase for a WSN ranges from 3.55× (for 64 nodes) to 13.35× (for 900 nodes). This results from the greater node power consumption heterogeneity in larger networks.
The differences between the discrete and continuous methods in Figure 6 are small: discretization leads to only small deviations from optimality. Increasing the number of battery pack levels M initially has an large effect on lifetime but this effect saturates. In our experiments, 10 battery pack levels were sufficient to improve lifetime from 3-11×, depending on network size. It implies that a reasonable number of battery pack level would be enough for real sensor deployment.
Theorem 1 indicates that the ideal battery allocation would lead to the equal lifetime for each node set. Figure 7 shows the lifetime difference of each sensor node in a 20×20 network with 10 battery pack levels. Lifetime differs by nearly 7 orders of magnitude from node to node if only a single battery pack levels is used. The proposed method with 10 
Performance Comparisons with LINGO
As stated in Section 3.2, the time to solve the problem using a general-purpose INLP solver was excessive. We now compare the proposed algorithm with LINGO, a popular solver for linear and nonlinear programming. The best-case continuous-level results are also provided to bound deviation from optimality. Since LINGO could not handle node partitioning, we do not limit the number of the battery pack types in the comparison. A branch-and-bound solver and a default iteration number are used in LINGO. The results are listed in Table 2 .
For the settings in Table 2 , the proposed CLPS method gains an up to 2-5 orders of magnitude speedup over LINGO. Furthermore, our approach can solve the battery energy allocation problem for WSNs with 400 nodes in than 0.02 seconds while LINGO fails to find the local optimal solutions after 24 hours. In the small cases, our approach gives even better solutions than the locally optimal solutions by LINGO; LINGO does not necessarily provide the globally optimal solutions. Our approach considers the characteristics of solution to reduce the search space. It may be possible to provide LINGO other configurations to get a better result using more execution time. However, this comparison provides evidence that straight-forward use of a general-purpose INLP solver is inappropriate for the WSN battery energy allocation problem, and that the proposed solution rapidly produces high-quality results.
Error Analysis
In this section, we experimentally quantify the sources of suboptimality for the proposed technique, which are described in Section 5.
Error Bound in Node Partition
Theorem 2 states that the relative error of the rounded solution V round and the discrete solution V disc is no more than that between the rounded solution V round and the continuous solution Vcont . We can therefore bound the error of the approximate method to between V round and Vcont . The relative errors in a wide range of network sizes and energy levels are listed in Table 3 . The less than 2‰ error implies that the approximate partitioning method is accurate enough to solve the INLP problem.
Error of Battery Pack Energy-Cost Fitting
The relationship between battery packs and their costs are fitted by a linear function C = a + b · E, permitting some error. A least squared error fitting algorithm is used [23] . The resulting correlation coefficients are listed in Table 4 , where the maximum number of each battery type Dim ranges from 
Error Bound in Discrete Battery Pack Level Selection
The error bound between the discrete battery pack levels and continuous energy levels is discussed in Section 5. From Figure 6 , we found that the lifetime difference between the proposed method and the continuous (ideal case) method is much less than the error bound given in Equation 13 . The error bounds and the errors in simulations are shown in Table 5 .
CONCLUSIONS
Energy budgets are tight for low-cost battery-powered WSN nodes. Unbalanced power distributions due to the intrinsic many-to-one traffic in WSNs results in uneven battery depletion and short WSN lifetimes. Previous energy balancing techniques considered homogeneous node WSNs with uniform battery capacities. This paper formulates the cost-constrained heterogenous WSN battery allocation problem as an INLP and provides a fast heuristic that produces near-optimal solutions. Experimental results show that the proposed techniques can provide 3-11× lifetime improvement with no more than 10 battery pack levels compared with uniform battery allocation. Compared with popular INLP solver, the proposed method not only gains a 2-5 orders of magnitude speed improvement and produces better results.
